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ABSTRACT We studied the response of swimming Escherichia coli (E. coli) bacteria in a comprehensive set of well-controlled
chemical concentration gradients using a newly developedmicroﬂuidic device and cell tracking imaging technique. In parallel, we
carried out a multi-scale theoretical modeling of bacterial chemotaxis taking into account the relevant internal signaling pathway
dynamics, and predicted bacterial chemotactic responses at the cellular level. By measuring the E. coli cell density proﬁles
across the microﬂuidic channel at various spatial gradients of ligand concentration grad[L] and the average ligand concentration
½Lnear the peak chemotactic response region, we demonstrated unambiguously in both experiments and model simulation that
the mean chemotactic drift velocity of E. coli cells increased monotonically with grad [L]/½L or ~grad(log[L])—that is E. coli cells
sense the spatial gradient of the logarithmic ligand concentration. The exact range of the log-sensing regime was determined.
The agreements between the experiments and the multi-scale model simulation verify the validity of the theoretical model,
and revealed that the key microscopic mechanism for logarithmic sensing in bacterial chemotaxis is the adaptation kinetics,
in contrast to explanations based directly on ligand occupancy.INTRODUCTION
Sensory systems in higher organisms (e. g., human vision
and hearing) can sense the relative change of the stimuli,
which is known as the Weber law (1). In 1972, Dahlquist
and co-workers suggested that bacteria might also respond
to the relative change of the chemical concentration (2).
Using mixing chambers, they created different spatial ligand
profiles (both linear and exponential) and studied the density
distribution of the swimming bacteria. The density distribu-
tion was measured by the intensity of scattered laser light.
Later work by Mesibov and co-workers introduced the clas-
sical capillary assays to study bacterial chemotaxis (3). In the
work of Mesibov et al., capillary tubes with different ligand
concentrations were introduced to the bacterial suspension
and the chemotactic response was characterized by the
number of bacteria collected in the capillary tube at a given
time. Experimental results from the capillary assay and the
mixing chamber both suggested that bacteria responded to
the relative change of the ligand concentration. However,
neither the mixing chambers nor the capillary assays
provided a well-controlled and easily quantifiable concentra-
tion profile. In particular, the ligand profiles in these early
experiments could change significantly within the time
needed for observing chemotaxis behavior, thus making
quantitative analysis of the phenomenon very difficult. As
a result, the nature, as well as the range, of the logarithmic
sensing was not well determined experimentally. In 1974,
Brown and Berg (4) studied the responses of bacteria to
the temporal change of the ligand concentration using
a tracking microscope, where the track of an individual
Submitted July 17, 2008, and accepted for publication October 28, 2008.
*Correspondence: mw272@cornell.edu; yuhai@us.ibm.com
Editor: Jason M. Haugh.
 2009 by the Biophysical Society
0006-3495/09/03/2439/10 $2.00bacterium was recorded. The chemotactic responses were
characterized by the average run time of the tracked bacteria.
The experimental results of Brown and Berg were fit to
a theoretical model based on the receptor binding kinetics.
They suggested that the bacterial chemotactic sensitivity is
proportional to the change in ligand binding,
D
 ½L
½L þ kd
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kd½L
ð½L þ kdÞ2
 D½L½L ;
which is determined by the ligand concentration [L] and the
fixed dissociation constant kd. Since
kd ½L
ð½LþkdÞ2 is roughly
constant when [L] z kd, the chemotactic sensitivity is
proportional to D½L =½L . The bacteria sense the relative
changes of the ligand concentration. It is easy to see that
this argument only works in a very narrow region of ligand
concentration around kd, whereas it is now well accepted that
the chemotactic sensitivity extends over several decades of
ligand concentrations (3,5). Molecularly, this argument
was made totally independent of adaptation in the signaling
pathway, which we now know is crucial to the cell’s ability
to sense and then to follow a gradient in a wide range of
concentration background.
Since the early explorations of this very important
problem of bacterial logarithmic sensing, major develop-
ments have occurred recently in both our ability to establish
well-controlled spatial and temporal ligand profiles at the
micrometer length scale for the studies of bacterial chemo-
taxis at cellular level (6,7) and our understanding of the
bacterial chemotaxis signaling pathway at the molecular
level (8–11). On the technology side, microfluidic devices
have shown great promise for cell-based assays due to their
size proximity to cells, compatibility with optical
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control the cells’ chemical and mechanical environment
(7,12,13). In addition, the current state of art imaging tech-
nology has allowed us to follow the motion of multiple
swimming bacteria in real time and in three-dimensional
space (14,15). Recently, we have developed a hydrogel-
based microfluidic chemotaxis device that is able to generate
a steady and linear chemical gradient in a microfluidic
channel. Initial experiments have been conducted success-
fully in the quantitative studies of directed cell migration
both for suspension (bacteria) and adherent (neutrophils
and neural stem cells) cells (16,17). On the biology side,
the molecular architecture (the molecular players and their
interactions) of the chemotaxis pathway has been worked
out (10,11,18,19) and various mathematical models have
been developed to describe different aspects of this signaling
pathway (8,9) over the last decade. Most recently, in vivo
measurements of the kinase activity in response to different
levels of external signals in different backgrounds have been
made using fluorescence resonance energy transfer (FRET)
(20–22). These quantitative measurements have led to, and
can be explained by, a comprehensive mathematical model
that takes into account the relevant biology, in particular
the receptor-receptor interaction (23–28) and the appropriate
methylation kinetics that is required for (near) perfect adap-
tation (29–31). This quantitative model with its parameters
determined from the microscopic experiments, such as the
in vivo measurements of kinase activity by FRET, can
then be used to predict quantitatively the behavior of cells
in response to different stimuli and to understand the molec-
ular mechanism for various interesting cellular behaviors.
In this work, we use a systems-biology approach in which
we integrate quantitative experiments with the multi-scale
theoretical modeling that takes into account the relevant
internal signaling transduction pathway. The newly devel-
oped engineering tools (microfluidics and a particle tracking
imaging technique), in combination with the high efficiency
coarse-grained theoretical modeling, allow us for the first
time, to our knowledge, to demonstrate explicitly that the
average chemotactic drift velocity depends on the spatial
gradient of the logarithm of the ligand concentration, and
to determine the range of logarithmic sensing for both
MeAsp(a-methyl-DL-aspartate) and L-Serine. The predic-
tion of our model based on simulation of the (microscopic)
molecular pathway with all parameters obtained from inde-
pendent in vivo response data (i.e., with no free parameters)
agrees quantitatively with the experimental results for all
ranges of ligand (MeAsp) profiles. This agreement verifies
the validity of the multi-scale theoretical model. More impor-
tantly, this combined approach of experiments and theoret-
ical modeling enables us to understand the molecular
mechanism of the observed cellular level phenomena. In
particular, we find that the logarithmic sensing in bacterial
chemotaxis is caused by the adaptation kinetics. By fitting
the theoretical model to experimental data, we also deter-Biophysical Journal 96(6) 2439–2448mined microscopic parameters for Tsr receptor in response
to L-Serine that are currently not available in the literature.
METHODS
Cell preparation
Escherichia coli (E. coli) cells (RP437 strain, a gift from Sandy Parkinson,
the University of Utah, transformed with pTrc-GFP plasmid in DeLisa lab,
Cornell University) were grown in Tryptone Broth (10.0 g/L of Bacto Tryp-
tone powder dissolved in phosphate-buffered saline (PBS)) supplemented
with 100 mg/ml Ampicillin in a shaker bath at 30C, 150 rpm. The overnight
cultures were inoculated the next morning in a fresh Tryptone Broth medium
(~25X) to a final concentration that corresponds to OD600~0.05. Inducer iso-
propyl thiogalactopyranoside was added to a final concentration of 1 mM
when cell density reached OD600~0.2. Cells were harvested at exponential
growth phase when OD600 reached ~0.5. Cells were resuspended twice
(centrifuged at 1500 g for 2 min) in chemotaxis buffer (PBS/0.1 mM
EDTA/1mM methionine/10 mM lactic acid, pH ¼7.3) before experiments.
For all the experiments shown here, the final cell density was ~1.5x108
cells/mL. Within the same day, we used the same overnight culture for up
to three subcultures in a time gap of ~2 h (it took ~2 h for one experimental
run) to ensure that each experimental run used cells with exact same prepa-
ration procedures as described above.
Microﬂuidic device design and calibrations
Amicrofluidic device was constructed to provide a linear and stable chemical
gradient in a microfluidic channel where cells were seeded. Details of the
device can be found in references (17,32). Briefly,wefirstmade positive relief
features (four three-channel devices) on a silicon master using the standard
photolithography technique at the Cornell NanoScale Science and Tech-
nology Facility. Hydrogel replicas of the device can then be made repeatedly
using the same master. It involved pouring 3% hot agarose gel (0.3g agarose,
10ml PBS) onto the siliconmaster surrounded by a 1 inch 3 inch polydime-
thylsiloxane (PDMS) ring spacer of 1mm thickness, and then peeling it off
once it was gelled in room temperature. The gelled membrane was soaked
in a chemotaxis buffer for at least 30 min before being used and can be stored
for up to a week. Before each experiment, the patterned membrane was sand-
wiched between a plastic manifold and a glass slide (1 inch  3 inch) sup-
ported by a stainless steel frame. The plastic manifold was predrilled with
all the inlets and outlets for the microfluidic channels. The flows in the sink
and source channels were provided by either a syringe pump (Harvard Appa-
ratus PHD2000; Harvard Apparatus, Holliston, MA) or a peristaltic pump
(Watson Marlow 205S with eight parallel lines; Watson Marlow, Wilming-
ton, MA). There are four three-channel devices (such as the one shown in
Fig. 1 a in one chip. This is important for conducting four parallel experiments
using cells from the same batch.
Experimental strategies are described in Fig. 1 a. Three parallel channels
(dimension 400mm wide, 160 mm depth and 12 mm long) were patterned
on an agarose membrane of 1 mm thickness. The channels were separated
by an agarose gel ridge of 250 mm width. When the chemical attractant
of high and low concentrations flowed through the source and the sink
channel respectively, the chemical diffused through the agarose gel (with
a diffusion coefficient similar to that of water) from the source channel to
the sink channel. A linear chemical gradient was established in the center
channel once a steady state was reached. The cells were seeded in the center
channel and responses of the cells to the chemical gradients were recorded
(Fig. 1, b–d).
To calibrate the device, we used a 100 mM fluorescein (360Da molecular
weight mass, Sigma, St. Louis, MO) solution. Fig. 1 a is a fluorescent image
of the three channel device with fluorescein solution in the source channel
and blank buffer in the sink channel. A linear light intensity profile was es-
tablished from the source channel to sink channel with poor visibility of the
agarose ridge indicating that the diffusion coefficients of fluorescein through
Logarithmic Sensing in E. coli 2441FIGURE 1 Chemotactic responses of E. coli in a linear chemical gradient. (a). A fluorescent micrograph of the middle portion of the microfluidic device.
Shown in the image are three channels patterned in agarose gel, each is 400 mmwide and 160 mm deep. A 100 mM fluorescein solution is flowing in the source
channel, while a blank buffer is flowing in the sink channel. The scale bar shown is 400 mm. (b–d). A time sequence of images of swimming E. coli located
in the center channel of the microfluidic device. t ¼ 0 is the time when chemo-attractant MeAsp of 100 mM and a blank buffer starts flowing in the source and
sink channel, respectively.water and agarose gel are very close (for details, see Fig. 2 c and (17)). This
linear gradient can be maintained indefinitely as long as the flows in the sink/
source channels were kept a constant (5 mL/min in our case). It should be
noted that devices have also been calibrated with E. coli present in the center
channel and it was found that the presence of bacteria did not affect the diffu-
sion coefficient of the fluorescent dye. This was demonstrated by the linear
nature of the fluorescent intensity profile from the source to the sink channel
with the slope across the center channel in the presence of the bacteria equal
to the slope across the agarose ridge (data not shown).
Data acquisition and imaging
For each experimental run, we performed four parallel experiments at four
different chemical concentrations using four devices on the same chip. First,
we seeded cells in four center channels by injecting cell culture with a gel-
loading pipette tip, and sealed all the inlet and outlet to avoid through flow in
the center channel. To prevent slow flow in the center channel, it is critical
that the PDMS spacer has a uniform thickness and all of the tubing used is
exactly identical to avoid unwanted pressure differences between the inlet
and outlet, or sink and source channel. L-Serine and MeAsp of high and
low concentrations were then pumped through the source and sink channels
respectively at a rate of 5 mL/min. Four movies were taken consecutively of
the four center channels at ~20 min after the start of the flow in the sink and
source channels. A typical movie has 500 frames recorded at 10 frames per
second and each image is 410 mm  410 mm in size. A fluorescent micro-
scope (Olympus IX 51, 20X objective lens, (Olympus, Center Valley, PA)EXFO X-Cite 120 Fluorescence Illumination System (EXFO, Ontario,
Canada)) and a CCD camera (Cascade 512B camera; Photometrics, Tucson,
AZ) were used for imaging.
Data analysis
Toquantify the bacterial chemotactic response,wefirst tracked the (xi,yi) posi-
tions of the swimming bacteria in the mid 95% portion of the center channel
(an area of 380 mm  410 mm) using an in house particle tracking software
(available at our lab website http://biofluidics.mae.cornell.edu) (Fig. 2 b).
Here, i is the index of the bacterium being tracked, and (0,0) is defined as
the left lower corner of the center channel as shown in Fig. 1 b. These positions
were subsequently used to form tracks using the standard nearest neighbor
method. Using tracked positions, we then calculated (1) the chemotactic
migration coefficient (CMC) of the swimming bacteria in the channel (7, 32).
CMC is the average y position of all the cells being tracked with respect to the
center position of the channel. Here, CMC¼(mean (yi) – yc)/190 mm, where
ycis the y coordinate at the center of the channel, 190 mm is the half width
of the channel being tracked; (2) normalized cell density distribution p(y)
across the channel. For each movie series, we calculated CMCor p(y) for
each of the 500 images first, and then obtained an average value. For those
data taken in the high chemotactic response region, the probability density
function was fitted to an exponential decay function with two adjustable
parameters. Using bacterial tracks, we computedmotility constant m by fitting
the velocity auto-correlation function to an exponential decay function. For
more details of this computation, please refer to the work of Liao et al. (33).FIGURE 2 A dynamic equilibrium state (a). Squares (-) show time evolution of the CMC computed using tracked bacteria positions. The bacterial density
distribution reaches a dynamic equilibrium in ~8 min. Circles () are the time evolution of chemical concentration gradient in the channel revealed by the
fluorescent dye. (b). is a graph of 1267 bacterial tracks that was obtained by tracking the steady-state movie shown in Fig. 1 d). (c). The solid squares represent
the measured bacterial cell density profile across the channel at a steady state (t¼ 20 min). The solid line is an exponential fit to the data. The chemical concen-
tration distribution at this time point is shown in the inset. This curve is obtained using fluorescein solution of 100 mM in the source channel; the y axis is scaled
to show MeAsp concentration.Biophysical Journal 96(6) 2439–2448
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pathway dynamics
Since we are interested in describing the population level behavior here, we
used a simple coarse-grained model for the internal pathway dynamics. We
describe briefly the E. coli chemotaxis pathway in the following. The attrac-
tant (or repellent) ligand molecules (chemical signal) can bind with the
membrane bound Methyl-accepting Chemotaxis Proteins (MCP) chemo-
receptors, which form signaling complexes with the histidine kinase protein
CheA and the linker molecule CheW. Upon binding to the attractant (repel-
lent) molecules, the chemo-receptors undergo a conformational change that
suppresses (increases) the autophosphorylation rate of CheA. In turn, the
phosphate group of CheA-P is transferred to the reponse regulator CheY.
Once phosphorylated, CheY-P can bind with the motor switch to change
the direction of the flagellar motor rotation from counter-clockwise (CCW)
to clockwise (CW), which causes the cell to switch from swimming smoothly
(run) to wiggling motion (tumble). Thus higher concentrations of attractant
molecules can lengthen the run time of the cell. As a result, the cells perform
randomwalkswith a bias toward regionswith higher concentrations of attrac-
tant. The adaptation of the sensory system to persistent stimuli is important for
the cells to perform chemotaxis in a wide range of backgrounds. For bacterial
chemotaxis, adaptation is carried out by receptor methylation/demethylation
facilitated by two enzymes CheR/CheB respectively.
The dynamical state of the internal chemotaxis pathway is described in
our model by the average kinase activity a(t) and the average methylation
level m(t)˛[0,4] of the MCP receptors, the external environment is given
by the ligand concentration ½Lð~rÞ at spatial position ~r. Receptor ligand
binding affects the kinase activity almost immediately while adaptation
occurs through receptor methylation at a longer time scale. The kinase
activity controls the tumble-and-run motion of the cell by regulating the
flagellar motor’s probability p(a) for CCW or CW rotation. The cell tumbles
when the motor is in the CW state and it moves smoothly (subject to rota-
tional diffusion due to Brownian fluctuation) when the motor is in the
CCW state. The resulting motion advances the cell to a new position in
space. For a spatial-dependent ligand profile, such as the steady-state linear
ligand gradient studied here, the new position of the cell leads to a new
ligand concentration that the cell senses and the simulation of both the
internal pathway dynamics and the cell motion continues. A flow chart of
the simulation is shown in Fig. 3, where the major steps and key variables
of our model are illustrated. Quantitative details of our model are explained
in the following text.
The kinase activity in our simulation is described by the Monod-Wyman-
Changeux two-state model, which captures the essence of receptor cooper-
ativity and has been shown recently (27,28) to generate quantitative
agreement with in vivo kinase activity measurements. Each functional
MCP receptor complex can be either in the active or the inactive states, these
two states are separated by a free energy difference N˛(m,[L]), where N is
the number of responding receptor dimers in the MCP signaling complex.
The average activity is therefore: a¼(1þexp(N˛(m,[L])))1. By using
the Monod-Wyman-Changeux model, the free energy difference can be
written as: ˛(m,[L])¼fm(m)þ1n(1þ[L]/K)-1n(1þC[L]/K), where fm(m)is
the methylation level dependent free energy difference, and K and K/C are
the dissociation constants of the ligand to the inactive and the active receptor
respectively. For MeAsp, these model parameters were determined in (34)
by fitting to the FRET data (20): NTar¼6,K¼18mM,C¼0.006. The free
energy contribution due to methylation of the receptor is taken to be linear
in m: fm(m)¼a(m0-m) suggested by recent experimental work ((35); Tom
Shimizu, Harvard University, personal communication, 2008). The parame-
ters a and m0 can be estimated from the dose response data (20,36) of the
CheRB- mutants at different methylation levels. For MeAsp, they are
roughly az1.7,m0z1. The kinetics of the methylation level is taken to
have the simple linear form: dm/dt¼kR(1-a)-kBa, where kR(kB) are the rates
of methylation (de-methylation) for the inactive (active) receptors as sug-
gested by near perfect adaptation of the system (4, 29-31). More complicated
nonlinear Michaelis-Menten equations (37) can also be used, but should notBiophysical Journal 96(6) 2439–2448affect the results here. For a gradual ligand gradient, cells always have their
activity near their preferred level where the linear form in a is a good approx-
imation. We take kR ¼ kB to fix the steady-state activity a0 ¼ 0.5.The meth-
ylation rates can then be estimated by the adaptation time in experiments
using the step function stimuli (38) for MeAsp, which gives us kR z
0.005/s. A general model of the internal pathway dynamics was constructed
recently to study the E. coli chemotaxis response to temporally varying
signals (39). Here we use this pathway model together with a simple model
for cell motility (motor response) to study cell E. coli chemotaxis behavior in
spatially varying chemical profiles.
The movement of an E. coli cell in our simulation follows the stochastic
run-and-tumble pattern. At any given time, a cell can be either moving
smoothly (subject to rotational diffusion caused by Brownian fluctuation
of the medium) with a run speed v0z15mm/s as measured in experiments
or tumbling. The duration time of the tumble is short and set to be a constant
t1z0.2 s in our model, the cell chooses a random direction to run after each
tumble. When the cell is running, the (instantaneous) probability rate of
going into the tumbling state is P(a), which depends on the kinase activity,
a(t), determined by the pathway model described above.We set the tumbling
probability the same as the experimentally measured flagellar CW bias (40),
which is pðaÞ ¼ t11 ða=a1=2ÞH;where Hz10 is the Hill coefficient of the
motor response function. We assume CheY-P level is proportional to the
kinase activity. At steady state we have a ¼a0¼0.5 and the cell spends
roughly 80% of time running, from which we can determine
a1=2zao  41=H ¼ 0:69. The rotational diffusion constant is set to be
0.28 rad2/s so that the average directional change in 1 s is roughly 30 in
accordance with experiments (4,18).
The boundary condition for moving cells is not well understood, which
could be a main source of discrepancy between model and experiments.
We assume a quasi-reflective boundary based on the experimental observa-
tion. That is, when a cell hits a boundary, it sticks to the boundary for 1 s, and
then leaves the boundary with an arbitrary angle.
The coarse-grained model used here contains all the relevant components
of the underlying signaling pathway with a small number of parameters,
which can all be determined by using data from other independent in vivo
experiments. Since we focused on understanding the (averaged) population
level behavior of the cells, such coarse-grained model should be sufficient.
We have tested the effects of intrinsic noise on the averaged behavior of the
cells by including cell to cell variation of the key parameters, such as the
methylation/demethylation rates (kR and kB) according to experimentally
observed distributions (41). We have found no significant changes in the
population averaged behavior, such as the steady-state cell density distribu-
tion in a given ligand concentration profile. Because of its simplicity, our
model has the advantage of being fast computationally as compared with
the methods of simulating the internal pathway at individual molecule level
FIGURE 3 Flow chart for the multi-scale theoretical model. The diagram
shows steps in our simulation of E. coli chemotaxis based on the signaling
pathway dynamics and the flagellar motor response (shown in the box with
the dotted line). See text for detailed description.
Logarithmic Sensing in E. coli 2443(42, 43), making it possible to study the dynamics of large number of
individual cells.
RESULTS
Swimming E. coli cells established a dynamic
equilibrium in a linear chemical gradient
Upon the addition of the chemoattractant (either MeAsp or
L-Serine) along the sink and source channels at t ¼ 0, two
processes took place simultaneously. 1), A chemical gradient
was established in the center channel via diffusion and it
reached a steady state in ~8 min; 2), the pre-seeded bacteria
started to migrate toward the region where the chemoattrac-
tant concentration was higher. This process continued until
a dynamic equilibrium was reached when the chemotactic
cell migration was balanced by the cell density diffusion
process. This dynamic equilibrium allowed us to take a large
amount of data, and quantified the chemotactic response to
a high degree of accuracy. To describe this dynamic equilib-
rium mathematically in the spirit of the Keller-Segel model
(44), we assume that the flux (number of cells passing
through an unit area in x–z plane) along y direction due
to chemotactic migration is nvd; and the flux along þy
direction due to diffusion as a result of spatial cell density
variation ism(grad(n)). To the first order of approximation,
the dynamic equilibrium state gives us: nvd¼  m(grad(n)),
where n is the cell density, vd is the average cell drift velocity
due to the chemotactic migration, m is the motility constant
of swimming E. coli and the axes are defined in Fig. 1 b.
The solution of this equation is n¼n0exp((vd/m)y) where
n0 is the cell density at the edge of the channel y ¼ 0. This
exponential relation was demonstrated in our experimental
data (Fig. 2 c and Fig. 5 (E1-2)) as well as model simulation
(Fig. 5(T1-2)). The measured exponential decay constant,
vd/m, as well as the chemotactic migration coefficient CMC
were used as the measure of the chemotactic responses in
both experiments and model simulation. The average chemo-
tactic drift velocity vd is a more precise measure of the
chemotactic response; however, measurements of vdin our
experimental setting were impaired by the influence of
boundary conditions in the low response region. We there-
fore used CMC as a measure of the chemotactic response
in the broad concentration region and the average drift
velocity vd in the high chemotactic response region
(CMCR (1/2) CMCmax).
Cell concentration dependence of bacterial
chemotaxis
To choose an optimal overall cell density n for the experi-
ments, we measured the CMC at various cell densities.
Fig. 4 shows that the CMCs are kept a constant in the region
when the cell density is between 107–5x108 /mL. We
selected 1.5 10 8 /mL for all our experiments as it provides
enough statistical data while at the same time the effects ofcell-cell interactions and limitations of our tracking program
can be ignored.
Bacteria’s responses in various ligand
concentration proﬁles
To check the hypothesis that bacteria sense the relative
change of the ligand concentration, grad½L=½L, we varied
grad[L] independently of ½L in both experiments and theory.
We first kept ½L a constant, and varied grad[L](Fig. 5
(E1,T1)); and then we kept grad[L] a constant, and changed
½L (Fig.5 (E2, T2)). Fig. 5(E1, T1) shows that the cell density
curves become steeper as the spatial gradient of the MeAsp
concentration increases, indicating the chemotactic sensi-
tivity increases with grad[L]. Fig. 5 (E2, T2) shows that
the cell density curves become less steep as the average
MeAsp concentration increases, indicating the cell chemo-
tactic sensitivity decreases with ½L. The agreement between
cell density profiles from experiments and the model simula-
tion is excellent for most part of the channel, with an excep-
tion that the cell density profiles near the channel boundary is
flatter in theory than those observed in experiments,
probably due to the oversimplification in the boundary
condition we used in the model.
Logarithmic sensing of the bacterial
chemosensory system
To explore the relation of chemotactic response with
grad½L=½L quantitatively, we fit the cell density curves in
Fig. 5 with an exponential decay function (see sample fit
in Fig. 2 c). Fig. 6 shows that the decay constant increases
monotonically with grad½L=½L, and the results from model
FIGURE 4 Cell density dependence in bacterial chemotaxis CMC
measured at various overall cell densities. The black (gray) data points
were taken when the L-Serine concentration in the source channel is
100 mM (30 mM). A buffer is flowing in the sink channel for all the data
points shown. (A–C) are actual images of cells in steady state at cell density
1.5  107/mL, 1.5  108/mL and 1.5  109/mL, respectively.Biophysical Journal 96(6) 2439–2448
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2444 Kalinin et al.IGURE 5 E. coli density distribution in the vicinity of the peak chemotactic response. (E1–2) are distributions obtained in experiments and (T1–2) are data
rom model simulation. (E1) and (T1): The average chemical concentration is kept a constant, and the chemical gradient is varied; (E2) and (T2): The chemical
radient is kept a constant, and the average chemical concentration is varied. The insets are the chemo-attractant concentration profiles across the channel,
hich uses the same color code scheme as the density profiles.simulation (triangle symbols with solid line through them)
agree quantitatively with the experimental results (square
symbols). As mentioned earlier, the decay constant is the
average cell chemotactic migration speed vd divided by the
cell motility constant m. We measured the motility
constant m using the bacterial tracks obtained in experiments
(15). We have found that m is essentially a constant in the set
of MeAsp concentrations shown in Fig. 6, which is between
125–150 mm2/s. Fig. 6 thus shows that the average drift
velocity vd, approximately, increases with grad½L=½L.
Note that grad½L=½L is used to characterize the average
drift velocity, vd, instead of the local grad½L =½L , which
varies slightly across the channel by ~2-fold in the extreme
case. To explore the influences of this variation on the exper-
imental results, we calculated grad½L=½Lw using a cell
distribution weighted average ½Lw ¼
R
rðyÞ½L dy , instead
of the average value of the chemical concentration in sink
and source channels ½L ¼ ð1=2Þð½Lsource þ ½LsinkÞ. The
results are shown in the gray dots and lines in Fig. 6. It
can be seen that the experimental data agrees better with
the theory when using cell density weighted average
concentration. For the sake of separating measured values
with the controlled parameters, we will use the averageiophysical Journal 96(6) 2439–2448concentration as our controlling parameter in the rest of
the article.
Bacterial chemotactic response curves
In Fig. 6, we established that the decay constant is monoton-
ically related to grad½L=½L. We now ask how the chemo-
tactic response depends on the average MeAsp concentration
when grad½L=½L is a constant. In this series of experiments
and model simulations, we kept grad½L=½L a constant, and
varied ½L. Experiments were carried out for both MeAsp and
L-Serine, while comparison with model prediction was done
for MeAsp as the microscopic parameters are better known
for MeAsp than for L-Serine. We kept the chemical concen-
tration in the sink channel at 0 (chemotaxis buffer), varied
the chemical concentration in the source channel, and thus
grad½L=½L was fixed at (1/450) mm1 (note the distance
between the sink and the source channel is 900 mm). Fig. 7
shows that the high chemotactic response region (CMCR
(1/2) CMCmax) covers ~3 orders of magnitude of ½L
for both MeAsp (10 mM–10 mM) and L-Serine (1 mM–
1 mM). In our model simulation (see solid line in Fig. 7),
the corresponding CMC for MeAsp is about an order of
magnitude wider than in the experiments. This can be due
Logarithmic Sensing in E. coli 2445to the low detection accuracy at lower chemotactic sensi-
tivity region for experiments and/or the boundary conditions
used in the theory. In the case of L-Serine response, there are
not enough in vivo kinase response measurements, such as
FRET experiments, to determine the microscopic parameters
for the Tsr receptor, which is responsible for chemotaxis
response to L-Serine. We thus obtained the microscopic
parameters for Tsr by matching the simulation results with
data from our microfluidics experiments (see the dashed
line in Fig. 7). This provides us with the predicted micro-
scopic parameters for Tsr receptor and its functional cluster
size. The best fitted parameters are found to be NTsr¼12,
K¼6mM,K/C¼30mM The fitted parameter of NTsr¼12 taken
together with the previously determined value of NTar¼6
matches the in vivo Tsr:Tar stoichiometry of 2:1, and the
total of 18 dimers matches the number of dimers in the
hexagonal ring of trimers of dimers observed in the tomog-
raphy study by Khursigara et al. (45).
The role of adaptation in logarithmic sensing
In exploring the molecular origin of logarithmic sensing, we
calculated the steady-state receptor methylation level m
(averaged over all the cells in the channel) from our model
for different average ligand concentration ½L using all the
ligand profiles studied here (see the section on model simu-
lation for details of the methylation dynamics studied in this
study). Fig. 8 demonstrates a linear relation between the
average methylation level and the logarithm of the ligand
concentration in a wide range of ligand concentration. This
suggests that methylation level of the receptors, serving as
the ‘‘memory’’ of the E. coli cells, records the ligand concen-
FIGURE 6 Logarithmic sensing of the E. coli bacterial chemotaxis. The
decay constant or vd/m, from the exponential fits versus grad½L=½L near
the peak chemotactic response region. The scattered data points are from
experiments, and the solid lines are from the numerical simulation. The
gray triangles along with the gray line represent the results where the average
concentration Lwis weighted by cell density distribution. In all cases, MeAsp
is used as a chemoattractant.tration in logarithmic scale. In experiments, we measured the
chemotactic response curve (similar to the one shown in
Fig. 7) using a mutant that lacks the ability to adapt
(RP2867 from Sandy Parkinson, CheRB-). Our preliminary
data indicated that the response curve has a very narrow
peak (5mM–50mM) which was limited by the resolution of
the average concentration in our experiments. Current
work is in progress to explore the role of adaptation using
the CheRB- mutant in greater details.
DISCUSSION
Two important questions in the E. coli chemosensory system
have been addressed by combining quantitative results from
a microfluidic cell migration assay and a multi-scale theoret-
ical model. First, we showed that the E. coli bacteria sense
the relative changes of the ligand concentration, instead of
its absolute gradient in both experiments and model simula-
tion. This is a common property of biological sensory
systems, especially for those that need to process a wide
range of signal strengths (such as sensory systems for higher
organisms); the logarithm of the signal strength simply
compacts a wide range of signal into a manageable one.
Weber’s law for bacterial chemotaxis, a quantitative descrip-
tion of the sensory system, was first proposed by several
FIGURE 7 Chemotactic response curves. The chemotactic response
CMC as a function of average chemoattractant concentration in the center
channel when grad½L=½L is kept constant. Solid squares (-) are experi-
mental data points using MeAsp as chemo-attractant, open circles (B) are
experimental data points using L-Serine as chemo-attractant, and the solid
line is the model simulation for MeAsp using microscopic parameters
from independent experiments. The dashed line is a fit to the experimental
data for L-Serine response using adjustable microscopic parameters, and
the fitted parameters are NTsr ¼ 12, K ¼ 6 mM, K/C ¼ 30 mM. For all the
data points shown, the chemical concentration in the sink channel is kept
at 0, and the chemical concentration in the source channel is varied. Each
data point is an average of chemo-index from 500 images, and the error
bars are the standard deviations among the 500 CMCs.Biophysical Journal 96(6) 2439–2448
2446 Kalinin et al.groups based on qualitative chemotaxis assays with not
precisely controlled time-dependent ligand profiles more
than 30 years ago. We show for the first time, to our
knowledge, that the characteristic drift velocity, the key
characteristics of the E. coli chemo-response, depends on
grad½L=½L, in a wide range of controlled ligand profiles,
i.e., the E. coli cells sense the gradient of the logarithmic
ligand concentration. Our theoretical model, with all its
parameters determined from independent in vivo experi-
ments, predicts the same behavior as observed in the exper-
iments. This quantitative agreement between the cell level
measurements and the pathway-based model not only
verifies the model; the model, more importantly, makes it
possible to understand the macroscopic cellular behaviors
by the underlying microscopic pathway kinetics. The
previous argument based entirely on receptor occupancy
changes is clearly inadequate to explain the broad range of
high sensitivity observed here (3, 4). From our study, the log-
arithmic sensing of the ligand concentration is caused by
adaptation and the way methylation of the chemo-receptor
affects the kinase activity. As shown in recent in vivo exper-
iments (20,36) that are incorporated into our model, changes
in receptor methylation level simply shift the steady curves
of the kinase-activity versus ligand in semi-log scale without
altering their shape, i.e., a given receptor methylation level
increment can balance a corresponding fold increase in
ligand concentration to keep the kinase activity constant.
Therefore, to maintain the kinase activity near its preferred
operation point (near perfect adaptation), the adaptation
dynamics drives the receptor methylation level to follow
the logarithm of the external ligand concentration. Consid-
ering the large range of ligand concentrations the cell is
FIGURE 8 Role of adaptation in logarithmic sensing. The mean methyl-
ation level m (averaged over all the cells in a simulation) is plotted against
the average ligand concentration ½L in a semi-log plot. The linear regime
(indicated by the solid guideline) in the intermediate range of the ligand
concentration corresponds to the logarithmic sensing of the chemotaxis
pathway.Biophysical Journal 96(6) 2439–2448likely to encounter and the limited bandwidth (methylation
levels) for recording, this logarithmic transformation of the
signal is a sensible strategy for the E. coli to survive in
a diverse environment. The logarithmic dependence of m
on ½L is a prediction of our model and should be tested
experimentally by measuring the average receptor methyla-
tion level in different ligand backgrounds.
Second, we have determined by both experiments and
theory the exact regions of ligand concentration where
high sensitivity (defined as (CMCR (1/2) CMCmax)) is
observed for MeAsp and L-Serine. These regions are found
to be much wider than those predicted by the ligand occu-
pancy based argument. For MeAsp, we find that there is
a plateau at maximum sensitivity for two orders of magni-
tude between 25mM and 3mM in experiment. This range
can be explained microscopically by our theory where the
region of the plateau is spanned by the two receptor-ligand
dissociation constants K and K/C for inactive and active
receptors respectively. Quantitatively, these two dissociation
constants, found to be 18mM and 3 mM in an earlier work
(34) by fitting to in vivo FRET measurements, are in excel-
lent agreement with the current observation. In addition, the
overall high sensitivity region measured in experiment spans
about three decades of the average ligand concentration. In
theory, the receptor cooperativity, characterized by the
number of receptor N in the functional cluster, is known to
extend the high sensitivity region (the flanking region)
around the plateau by a factor proportional to N, which
results to the overall high sensitivity region to be around
four decades. In this case, NTarz6 has been determined for
MeAsp from the same previous study (34). For very small
and very large ligand concentrations, the theory and experi-
ments start to differ appreciably. We believe that they could
be due to effects of fluctuations for the low ligand concentra-
tion cases and the boundary effects/the approximate
boundary conditions in the experiments/model. For L-Serine
response, our experimental results are used to determine the
microscopic parameters that have not been measured before.
We found the two dissociation constants K and K/C for L-
Serine to be roughly 6mM and 30mM respectively, spanning
a much smaller region than that of the MeAsp response. This
may explain the earlier experimental finding that E. coli fails
to adapt exactly to large concentrations of L-Serine (46).
Put together, we have now a quantitative understanding of
how E. coli cells respond to different spatial ligand profiles
and its dynamic range. The combination of the quantitative
cell behavior assay and the internal pathway dynamics based
model is critical in connecting molecular mechanism to
cellular behavior. It establishes a new paradigm in investi-
gating other important phenomena in E. coli chemotaxis,
such as signal integration and differentiation in more
complex/realistic environment. It may also be applicable to
other relevant biological problems that are of direct biomed-
ical applications, such as directed cell migration in higher
organisms. Increasing evidence has shown mammalian cell
Logarithmic Sensing in E. coli 2447migration depends sensitively on its chemical environment,
in particular on the number of ligand-receptor binding sites
(16,47). However, the quantitative understanding of the
internal signaling pathway dynamics, such as the adaptation
system, for many of these mammalian cells is still at its
infancy. The lessons we have learned in E. coli bacteria
chemotaxis on logarithmic sensing may provide insights
on the underlying molecular mechanisms with which
eukaryotic cells migrate.
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